To the Editor:
E stimating causal effects is a key aim for observational epidemiology. Given a binary exposure, the effect of interest might be the difference in the average outcome if the whole of a population was treated compared with when it was not: the population average effect. Alternatively, we might want the average effect for the treated, which is the difference in average outcome between treated or not for those actually treated. Average causal effects with these different target populations, although involving counterfactuals, can be estimated from observed data on the outcomes of groups treated and not treated, given a number of assumption including exchangeability (no confounding). 1, 2 A full discussion of these assumptions is available.
1 Assessing confounder balance after confounder control checks the effect's target population and no confounding on observed confounders. A guide to best practice in assessing balance is available. 3 Modern causal methods, including inverse probability weighting (IPW) and related weighting schemes, 1,2,4 make it simple to specify and check the target population. Given effect heterogeneity, the average effect will vary with different target populations. 1 However, despite the availability of these causal methods, so-called outcome regression remains common for causal inference. An outcome regression is a model of the exposure's effect on the outcome controlling for observed confounders. 1 The effect is taken as the regression coefficient for the exposure. Thus, given that there is no interaction term between the confounders and exposure, the assumption is effect homogeneity. Specifying the target population is not usual when an outcome regression is used, perhaps the assumption is that it represents the dataset's population or the wider population of which the dataset is a (representative) sample. Implicitly, this could then be the population average effect. We illustrate a method for assessing where an outcome regression balances binary confounders when the effect of interest is the population average effect for a binary exposure on a continuous outcome.
In the eAppendix; http://links. lww.com/EDE/B366, we describe our method. Recent work shows observations receive different weights when deriving a regression coefficient. [5] [6] [7] [8] Our method uses weights from a matrix representation of a regression. For a binary exposure, the control group's weights will sum to −1 and the treatment group's weights to 1. When applied to the outcome, the two sets of weights compare counterfactual means, everyone exposed to the treatment and everyone not. Their sum is the difference, the average causal effect. In the Table, the column "no weight" shows the observed distribution of two confounders, Z and Q, and their interaction (which is modeled) both in the total sample and over the exposure, X. However, the outcome regression does not balance at the population mean. Thus, the outcome regression is not estimating the population average effect but an average effect for a different population. The IPW does balance at the population mean, confirming that this is a suitable approach for estimating the population average effect. In contrast to the outcome regression, the IPW allows for the interaction between the exposure and confounders when calculating the average effect. We believe that our approach can be generalized to all exposure and confounder types, as well as other types of outcome covered by generalized linear modeling (e.g., logistic regression). This is because a different approach to
